Abstract. In this paper, we suggest and evaluate specification tests to test the validity of the conditional mean function implied by Autoregressive Conditional Duration (ACD) models. We propose Lagrange multiplier tests against sign bias alternatives, various types of conditional moment tests and integrated conditional moment tests which are consistent against all possible alternatives. In a Monte-Carlo study we investigate the finite sample properties of the individual tests. Moreover, the testing framework is applied to a variety of existing and new ACD specifications using financial duration data based on NYSE trading. We show that conditional moment tests have the highest power to detect general types of misspecifications. Moreover, we provide evidence that most ACD specifications are too simple and are clearly rejected. It turns out that flexible parameterizations of the news impact function are necessary to appropriately model financial durations. A semiparametric ACD model proposed in this paper seem to be a valuable alternative to existing approaches.
Introduction
The seminal papers of Engle and Russell (1998) and Engle (2000) have been the starting point for a wide range of studies focussing on the specification and application of autoregressive conditional duration (ACD) models. Not surprisingly, this string of the literature is strongly affected by its resemblance to the GARCH framework. Bauwens and Giot (2000) , for example, introduce the Log-ACD model which is the counterpart to the Log-GARCH model. Dufour and Engle (2000) and Hautsch (2003) suggest different types of Box-Cox-ACD models whereas Fernandes and Grammig (2006) build a family of asymmetric ACD models on the basis of the framework of asymmetric GARCH processes introduced by Hentschel (1995) . Moreover, regime-switching ACD specifications have been introduced by Zhang, Russell, and Tsay (2001) and recently extended by Meitz and Teräsvirta (2006) to allow for smooth transition specifications. Finally, Jasiak (1998) introduces a fractionally integrated ACD model.
The fundamental building block of the ACD model is the specification of the conditional expected duration mean. The validity of this conditional mean restriction is the basic assumption underlying the ACD model and is the prerequisite to ensure the quasi maximum likelihood (QML) properties of the Exponential ACD (EACD) specification (see Engle and Russell, 1998) . Nonetheless, most diagnostics that have been applied in recent ACD literature are not appropriate for an explicit test of the conditional mean restriction. A common way to evaluate the ACD model is to check the goodness-of-fit, for example based on residual diagnostics, in-sample density forecast evaluations (see Bauwens et al, 2004) or based on nonparametric specification tests against distributional misspecification (see Fernandes and Grammig, 2005) . However, these tests do not allow to identify whether a possible rejection is due to a violation of distributional assumptions or due to a misspecification of the first conditional moment implied by an ACD process. Therefore, the fundamental motivation for this study is the need for diagnostic tests which are particularly sensitive against violations of the conditional mean restriction but not necessarily against misspecifications of higher order moments.
The contribution of this paper is two-fold. First, we suggest and evaluate a wide range of different types of conditional moment tests for ACD models on the basis of an extensive Monte-Carlo study. Second, we apply these tests to various types of ACD models and illustrate the need for specifications implying a flexible parameterization of the news impact function. In this context, we suggest two new types of flexible ACD models and demonstrate their usefulness in light of the proposed testing framework.
A natural way to construct a specification test that allows to exclusively test the conditional mean restriction is to rely on the QML property of the EACD model and to apply the framework of conditional moment tests. In this context, we consider several types of specification tests:(i) As proposed by Engle and Russell (1994) and extended by Meitz and Teräsvirta (2006) one simple proceeding is to specify Lagrange Multiplier (LM) tests which have optimal power against local alternatives. However, while Meitz and Teräsvirta construct LM tests against particular parametric alternatives, our focus is on LM tests which allow to test for misspecifications of more general and unknown form. Therefore, following Engle and Ng (1993) , we propose LM tests against sign bias alternatives and nonlinearities in the news impact function. Such tests allow to test whether the functional form of the conditional mean function is appropriate to account for possibly nonlinear news response effects. (ii) In order to apply a more general test against violations of the conditional mean restriction, we use conditional moment (CM) tests as introduced by Newey (1985) . These tests are consistent against a finite number of possible alternatives since they rely on a finite number of conditional moment restrictions. In this context, we evaluate a wide range of different CM tests based on various weighting functions. (iii) Moreover, we suggest the use of integrated conditional moment (ICM) tests proposed by Bierens (1982 and . By employing an infinite number of conditional moments this test possesses the property of consistency against all possible alternatives and thus is a generalization of the CM test. de Jong (1996) shows how to generalize Bierens' test towards data dependence and develops a simulation procedure that is capable of establishing critical values that are asymptotically valid. We illustrate how to adapt this test to the class of ACD models.
This testing framework is applied to three major types of ACD models. First, we propose a new type of augmented ACD model which includes additive as well as multiplicative stochastic components based on a flexible parameterization of the news impact function.
This specification nests the Hentschel (1995) type ACD model introduced by Fernandes and Grammig (2006) as well as a variety of nonlinear ACD specifications. Second, we propose an ACD specification based on a semiparametric specification of the news impact function in the spirit of Engle and Ng (1993) . Here, the news impact is modelled in terms of a piecewise linear spline function. Third, we apply the class of Threshold ACD (TACD) models introduced by Zhang, Russell, and Tsay (2001) .
The different types of ACD models are used as data generating processes in a Monte Carlo study where we analyze the size and power properties of the different tests. It is shown that CM tests have the highest power and seem to be very useful diagnostic tools for the evaluation of ACD models. Clearly less power is observed for LM tests and ICM tests.
However, we also find evidence for size distortions in finite samples. Finally, the proposed models and tests are applied to financial durations from the AOL, Coca-Cola, Disney and GE stock traded at the New York Stock Exchange (NYSE). We focus on trade durations that play an important role in market microstructure analysis 1 and on price durations that are strongly related to volatility measures 2 . We provide strong evidence for nonlinearities in the news response function. It is shown that more simple ACD specifications are rejected for nearly all duration series under consideration. Clear improvements of the goodness-offit are obtained by more flexible and higher parameterized ACD models. The best results are obtained for augmented ACD models that explicitly account for nonlinearities in the news response as well as for specifications based on a semiparametric news impact function.
Particularly the latter seem to be a valuable flexible alternative to existing approaches.
Nevertheless, especially for price durations it turns out that even high flexible ACD models still reveal problems to ensure the conditional mean restriction.
The rest of the paper is organized in the following way: In Section 2, we present different types of ACD specifications. Section 3 introduces model specification tests based on LM tests, CM tests and ICM tests. Section 4 presents an extensive Monte Carlo study which allows us to gain deeper insights into the power and the size of the particular tests. In Section 5, we show empirical results based on an application of the proposed framework to financial durations generated from the trading process at the NYSE. The conclusions are given in Section 6.
2. The ACD model Let x i = ϑ i − ϑ i−1 denote the time between two events occurring at time ϑ i and ϑ i−1 , respectively. Engle and Russell (1998) 
Hence, the specification of an ACD model includes (i) the choice of the functional form for the conditional mean function Ψ i and (ii) the choice of an appropriate distribution for ε i . The latter issue is crucial when one is interested not only in predictions of the duration mean but also in forecasts of quantiles of the complete conditional distribution.
However, in this paper, we focus exclusively on predictions of the duration mean and rely on the QML property of the EACD model. Engle (2000) shows that the results of Bollerslev and Wooldridge (1992) concerning the QML property of the GARCH(p,q) model can be carried over to the EACD(p,q) model. Therefore, the maximization of the quasi log likelihood function implied by the EACD model leads to consistent estimates even when the true density function is not exponential.
The most simple ACD model and direct counterpart to the (linear) GARCH model has been proposed by Engle and Russell (1998) in their seminal paper and is given by 3
where ω denotes a constant, α is the innovation parameter, and β denotes the persistence parameter. This model implies a linear news impact curve, i.e. a linear relationship between the past innovation ε i−1 and the current expected conditional mean Ψ i . The slope of the news impact curve is given by αΨ i−1 , thus this specification is based on a multiplicative stochastic component.
Here, we propose a new type of augmented ACD model which nests a wide range of specifications and is given by
where δ 1 , δ 2 ≥ 0. We call this specification augmented ACD (AGACD) model. It includes both a multiplicative as well as additive stochastic component. For ν = 0, the additive stochastic component is not existing and the AGACD model corresponds to an ACD specification proposed by Fernandes and Grammig (2006) which is the counterpart to the augmented GARCH process proposed by Hentschel (1995) . 4 Correspondingly, for α = 0, the model contains only an additive stochastic component. The model allows for a news impact curve which is kinked at b. The parameter δ 2 determines the shape of the piecewise functions around the kink. For δ 2 > 1 the shape is convex while for δ 2 < 1 it is concave. Finally, δ 1 drives a possible power transformation of Ψ i . For δ 1 → 0, the model is based on a logarithmic transformation of Ψ i . In this case, the multiplicative and additive components of the model coincide. The AGACD model encompasses several important special cases:
(i) For α = 0, δ 1 → 0, and c = 1 it nests the so-called EXponential ACD model proposed by Dufour and Engle (2000) 5 and given by
It captures features of the EGARCH specification proposed by Nelson (1991) and allows for a linear news impact function which is kinked at ε i−1 = 1.
(ii) For α = 0, b = 0, and c = 0 it nests the so-called Box-Cox ACD (BACD) model introduced by Hautsch (2003) which is based on power transformations of Ψ i and ε i and is given by
It is easily illustrated that it can be re-written in terms of This specification allows for concave, convex as well as linear news impact curves. For δ 1 → 0, δ 2 → 0, it simplifies to the Log-ACD (LACD) model proposed by Bauwens and Giot (2000) and is given by
(iii) For δ 1 = δ 2 = 1, b = c = 0, it nests a specification which we call Additive and Multiplicative ACD (AMACD) model and is based on a (linear) additive and multiplicative 4 Though Fernandes and Grammig call their specification augmented ACD model as well, here, however, we call it H(entschel)-ACD model in order to avoid confusion.
5 They use this notation in order to prevent a confusion with the Exponential ACD (EACD) model based on an exponential distribution.
6 See Hautsch (2003) .
innovation component. It is given by
For ν = 0 it corresponds to the basic linear ACD specification.
Furthermore, we propose a new ACD specification on the basis of a semiparametric news response function. Following Engle and Ng (1993) we specify an ACD model based on a news impact curve which is parameterized as a linear spline function with knots at given break points of ε i−1 . In particular, the range of ε i−1 is divided into m intervals where m − (m + ) denotes the number of intervals in the range ε i−1 < 1 (ε i−1 > 1) with 
As pointed out by Engle and Ng (1993) , a slow increase of m as a function of the sample size should asymptotically give a consistent estimate of the news impact curve. This specification allows for quite flexible (nonlinear) news responses but does not necessarily nest the family of AGACD models.
The theoretical properties of the AGACD and SPACD model can be derived by expressing them in the form of a generalized polynomial random coefficient autoregressive model as introduced by Carrasco and Chen (2002) for the analysis of GARCH processes and applied to ACD type models by Fernandes and Grammig (2006) . By constituting a general class of ACD models in the form
and parameterizing A(·) and B(·) appropriately, we can encompasses all ACD specifications discussed above. The theoretical properties for this class of models are derived by Fernandes and Grammig (2006) . In particular, they refer to the general results of Carrasco and Chen (2002) and Mokkadem (1990) which provide sufficient conditions to ensure β-mixing, strict stationarity and the existence of higher order moments for the class of generalized polynomial random coefficient autoregressive models. As shown by Fernandes and Grammig (2006) , the establishment of stationarity conditions for the particular ACD specifications requires to impose restrictions on the functions A(·) and B(·). 7 A further type of ACD model arises from the class of threshold models. Zhang, Russell, and Tsay (2001) introduce a threshold ACD model which allows the expected duration to depend nonlinearly on past information variables. The TACD model can be seen as a generalization of the threshold GARCH models introduced by Rabemananjara and Zakoian (1993) and Zakoian (1994) . By categorizing the durations into K categories with
where ω (k) > 0, α (k) ≥ 0 and β (k) ≥ 0 are regime-switching ACD parameters. Hence, whereas in the SPACD model only the impact of lagged innovations is regime-dependent, in the TACD model also the persistence terms are allowed to be regime-switching. Because of the latter, the derivation of theoretical properties is not straightforward. Zhang, Russell, and Tsay (2001) derive conditions for geometric ergodicity and the existence of moments for the TACD(1,1) case. Extensions of this framework to the case of smooth transitions have been recently introduced by Meitz and Teräsvirta (2006) . In order to restrict the extent of the empirical study in this paper, we do not discuss these models here.
Specification tests for ACD models
The null hypothesis of correct specification of the conditional mean function of the ACD model can be formulated in terms of the ACD residuals
or, alternatively, in terms of the martingale differences x i −Ψ i , i.e.
Asymptotically, this distinction should make no difference, however, in finite samples it can be an issue. Correspondingly, the alternative hypotheses are formulated as
In the following we discuss different types of LM tests, CM tests based on a finite number of conditional moment restrictions and, ICM tests based on an infinite number of conditional mean restrictions as omnibus tests against any form of misspecification.
3.1. Lagrange Multiplier (LM) Tests. In econometric literature, the LM test has proven to be a useful diagnostic tool to detect model misspecifications. See for example, Breusch (1978) , Breusch and Pagan (1979, 1980) , Godfrey (1978a Godfrey ( , 1978b , or for an overview in Engle (1984) . In the following we restrict our consideration to the case of QML estimation of the ACD model, i.e. we maximize the quasi likelihood function
In this case the LM test statistic is computed as
where 
where Ψ 0 i denotes the conditional mean function under the null depending on the parameter vector θ 0 , while θ a and z ai denote the vectors of additional parameters and missing variables, respectively. Thus we can test for the correct specification of the null model by testing the parameter restriction θ a = 0. Following the idea of Engle and Ng (1993) we specify z ai in terms of so-called sign bias variables
and extensions thereof. As explained in more details in Section 4, we employ different versions of this test which allows to investigate whether the specification is appropriate to capture possible nonlinearities in the news impact function. The resulting LM test is formulated based on the auxiliary regression
where u i is a zero mean i.i.d. error term,β 0 andβ a are regression coefficients,
/∂θ a evaluated at θ a = 0 and at the QML estimator under the null. Then, the statistic is given by n times the R 2 from the regression (16) and follows asymptotically a χ 2 (m) distribution where m denotes the number of restrictions.
However, as discussed in Meitz and Teräsvirta (2006) , this test is not robust if the ACD errors ε i are not exponentially distributed. They suggest to follow the approach by Wooldridge (1990) and to apply the following procedure: (i) Compute the residuals, r i , from a regression of z ai on z 0i . (ii) Regress a vector of ones on r i (x i /Ψ i − 1) and compute the sum of squared residuals, SSR. (iii) Compute the asymptotically χ 2 (m) distributed test statistic as n times SSR. As illustrated by Wooldridge (1990) this procedure leads to a consistent test which is (asymptotically) not affected by violations of the underlying distributional assumptions.
3.2. Conditional Moment (CM) Tests. The main idea behind the CM test is to test the validity of conditional moment restrictions implied by the data which should hold when the model is correctly specified. In the ACD framework the conditional moment test is based on a conditional moment function r(x i , θ 0 ) which should hold conditionally on the past filtration, thus E[r(x i , θ 0 )|I i−1 ] = 0. Newey (1985) proposes to build a CM test based on the unconditional moment restrictions of the form 
where e 1 denotes a vector of ones.
According to the null hypotheses (11) or (12), a straightforward choice of the conditional moment restriction is
Valuable choices of the weighting functions w j (·) are sign bias variables (see Section 3.1) and/or functionals (e.g. moments) of past durations. 8
A well known result is that the power of the CM test depends heavily on the choice of the weighting functions. For this reason Newey (1985) illustrates how to obtain an optimal conditional moment test with maximal local power. It is shown that the LM test corresponds to an optimal CM test in the case of a particular local alternative. However, since the CM test is based on a finite number of conditional moment restrictions, it cannot be consistent against all possible alternatives. the set S = {t ∈ R : E[ exp(tz)] = 0} is countable and thus has Lebesgue measure zero. 
has Lebesgue measure zero. Therefore, de Jong (1996) suggests a consistent CM test based on the unconditional moment restriction
where θ 0 is estimated consistently by QML. de Jong points out that a conditional moment restriction test based on d = c < n does not allow us to consistently test the hypotheses H 0 and H 1 for an infinite number of lags and thus d = i − 1 should be preferred. Eq. (21) has the property that under the alternative hypothesis H 1 , plim n→∞M n (t) = 0 for all t except in a set with Lebesgue measure zero. Therefore, the principle of the consistent conditional moment test is to employ a class of weighting functions which are indexed by a continuous nuisance parameter (vector) t. Since this nuisance parameter is integrated out, this test is called integrated conditional moment (ICM) test. The lemma above implies that by choosing a vector t ∈ S, a consistent CM test is obtained. However, S depends on the distribution of the data, and thus it is impossible to choose a fixed vector t for which the test is consistent. As suggested by de Jong (1996) , a solution to this problem is to achieve test consistency by maximizing a functional ofM n (t) over a compact subset Ξ of R c . The main idea is that a vector t which maximizes a test statistic based onM n (t) cannot belong to the set S. By defining a space for infinite sequences {t 1 , t 2 , . . .} as
where a j < b j and |a j |, |b j | ≤ Bj −2 for some constant B, de Jong suggests to consider the use of a functional of sup t∈Ξ |M n (t)| as test statistic. Consequently, a difficulty arises by the fact that the limiting distribution of the test statistic sup t∈Ξ |M n (t)| is case-dependent which prevents the use of generally applicable critical values. For this reason de Jong introduces a simulation procedure based on a conditional Monte Carlo approach. In particular, he shows that under the null, the moment restriction (21) has the same asymptotic
pointwise in t, where σ i are bounded i.i.d. random variables independent of x i and r(x i , θ 0 ) with E[σ 2 i ] = 1. Thus the distribution ofM n (t) can be approximated based on the simulation of n-tuples of σ i . de Jong proves that the critical regions obtained by the simulation ofM n (t) are asymptotically valid (see de Jong (1996) , Theorem 5). Nevertheless, a further difficulty is that a consistent ICM test rests on the statistic sup t∈Ξ |M n (t)|. The calculation of this test statistic is quite cumbersome since it requires the maximization over a parameter space of dimension n − 1. For this reason de Jong suggests to find another continuous functional ofM n (t) that possesses the same consistency property but is more easily calculated. Then, de Jong proposes to use the functional
where the integrations run over an infinite number of t j . According to (22), each t j is integrated over the subset of R, such that a j ≤ |t j | ≤ b j . ϕ j (t) denote a sequence of density functions that integrate to one over the particular subsets. de Jong shows that the use of this functional leads to a consistent test. SinceM n (t) can be written as a double summation and the integrals can be calculated one at a time, we obtain a functional which is much easier to calculate than sup
Summarizing, the implementation of ICM tests to ACD models requires the following steps: (iii) Choice of ξ(·): According to the lemma above, the function ξ(·) must be a bounded one-to-one mapping from R into R. Asymptotically, the choice of the function ξ(·) is irrelevant, however, Bierens (1990) proposes to use ξ(x) = arctan(x). In this paper we use ξ(x) = arctan(0.01 · x) · 100 which is also a bounded function but has the advantage that it is nearly linear in the relevant region which improves the small sample properties of the test. • Compute the test statistic Λ according to (25).
• For each n-tuple of σ i compute the simulated test statistic
(
vii) Computation of simulated p-values:
Since the critical region of the test has the form (C, ∞], we compute the simulated p-value of the ICM test as
Monte Carlo studies
In order to gain deeper insights into the size and power properties of the proposed diagnostic tests, we conduct an extensive Monte Carlo study. We draw samples of size 3000 which is a still relatively small sample size for high-frequency financial data. Each Monte Carlo experiment is repeated 500 times. We use 7 data generating processes (DGP's) based on different parameterizations of the ACD, LACD, BACD, EXACD, AGACD, SPACD and TACD model. We choose the persistence parameter β to be 0.8 whereas the innovation parameters are associated with different (non-linear) news impact functions. Table 1 shows the parameterizations of the individual DGP's. Figure 1 illustrates the news response functions underlying the particular DGP's graphically. We consider convex and concave as well as clearly non-monotonous news impact curves as e.g. revealed by the SPACD and AGACD specifications. Furthermore, the DGP based on the AMACD model allows to quantify the power of the tests to detect misspecifications due to shifts of the (linear) news impact function. Finally, the DGP associated with the TACD model is chosen in accordance with the empirical results by Zhang, Russell, and Tsay (2001) . For each replication both a (linear) ACD(1,1) and LACD(1,1) model are estimated.
Besides different types of LM, CM and ICM tests we also apply a simple alternative test.
As proposed by Engle and Russell (1998) , a valuable way to detect nonlinear dependencies between the ACD residuals and the past information set is to divide the residuals into bins which range from 0 to ∞ and to regress {e i } on indicators for the magnitude of the previous duration. A standard F -test on joint significance of the regressors indicates whether there is remaining prediction power implied by the bin indicators. Jong (1996) , the parameters A and B are set to 0 and 0.5, respectively. Finally, the ICM test statistics are computed based on M = 100 replications. Table 3 shows the rejection rates of the particular tests based on estimations of the basic ACD(1,1) model. Correspondingly, Table 4 displays the results based on estimations of the LACD(1,1) model. The first three parameters correspond to the median values of the (L)ACD(1,1) parameters estimated for each replication. In both tables, the first Monte-Carlo experiment is devoted to a check of the size of the tests since the estimated model is in line with the assumed data generating process. Actually, we find evidence for significant size distortions. It turns out that the LM tests and ICM tests are clearly undersized whereas the CM and NL tests tend to be oversized in most cases. We attribute this finding to finite sample properties which seem to be still present based on a sample size of 3, 000. The remaining experiments allow us to gain insights into the power properties of the particular tests. As revealed by Table 3 we find a remarkably high power by testing a basic ACD model against the EXACD, SPACD, LACD and AGACD model. Slightly lower but still high rejection rates are shown based on the AMACD model as data generating process. This result indicates that the distinction between additive and multiplicative stochastic components can be an important source of model misspecification. In contrast, violations of the conditional mean restriction implied by TACD dynamics are more difficult to detect. A similar picture is revealed by Table 4 . Nevertheless, the test's power against an underlying linear ACD specification when a LACD model is estimated is clearly lower than in the reversed case. Moreover, not surprisingly, the tests have lower power to distinguish between a LACD model and an alternative specification implying also a concave news impact function. Overall, we find the highest power for conditional moment tests based on weighting functions which are particularly sensitive against nonlinearities in the news response function. This is still true even when we take into account that the tests tend to be oversized. Furthermore, even though the LM test has optimal power against local alternatives, it underperforms the CM test in nearly all cases. Thus for more general forms of misspecification the optimality of the LM test diminishes. Not surprisingly, the F-tests reveal a high power particularly in cases when the true data generating process implies strong nonlinearities in the news impact curve. In contrast, the test has only low power to detect violations due to neglected additive stochastic components (AMACD specification). The worst performance is shown for the ICM test. Even though this test is asymptotically consistent, its power is quite low in most cases. Only in cases of very fundamental misspecifications, we find a sufficient power. Nevertheless, in all cases the test is outperformed by the CM test.
Summarizing the Monte Carlo results, we can conclude that the CM test seems to be the most appropriate diagnostic tool to detect functional misspecification of general form even when size distortions in finite samples are taken into account. It is evident that the results are widely robust against the particular choice of the weighting function. LM tests against general forms of nonlinear news impacts underperform CM tests. However, as illustrated by Meitz and Teräsvirta (2006) , the latter are quite powerful in case we want to test against particular parametric alternatives. Overall, it turns out that it is reasonable to combine these particular types of diagnostic tests to detect different forms of model misspecification.
Application to NYSE financial durations
In this section we apply the proposed ACD models and diagnostic tests to financial duration data from the New York Stock Exchange (NYSE). The sample covers the period from 01/02/01 to 05/30/01 and is extracted from the Trades and Quotes (TAQ) database available from the NYSE. We analyze the four intensively traded stocks AOL, Coca-Cola, Disney and GE and focus on trade durations as well as price durations. The price durations are generated as the time until a cumulated absolute price change of a given size is realized. In order to obtain price durations which are on average of comparable length we use $0.100 midquote changes for the AOL stock and $0.050 midquote changes for the other three stocks. In order to obtain comparable sample sizes, the trade durations are constructed using ten trading days from 03/19/01 to 03/30/01. Overnight spells as well as observations before 9:30 and after 16:00 are removed. In order to account for seasonality effects, which are well documented for financial durations (see for example Engle and Russell, 1998 , Giot, 2000 , or Gerhard and Hautsch, 2002 , we use seasonally adjusted durationsx i = x i /s i , where s i correspond to diurnal factors which are estimated based on a regression of the plain durations on cubic splines with nodes at each 30 minutes.
Descriptive statistics of plain durations as well as seasonally adjusted durations for the four stocks are given in Table 5 .
For each type of financial duration we estimate the ACD, LACD, BACD, EXACD, AGACD, SPACD and TACD model using QML. The lag order is chosen according to the Bayes Information Criterion (BIC). For all duration series, except for Disney and GE price durations, we find an ACD(2,1) parameterization to be the best specification. For the Disney and GE price durations we choose an ACD(2,2) specification. Note that for the nonlinear ACD specifications the inclusion of a second lag is not straightforward since it requires to parameterize also the news impact function of the latter. This leads to a doubling of the corresponding news response parameters which is not practicable especially for the highly parameterized AGACD and SPACD model. For this reason we choose a parameterization which allows us on the one hand to account for higher order dynamics but ensures on the other hand model parsimony. In particular, we model the news impact of the second lag also on the basis of the parameters δ 1 , δ 2 and b and double only the autoregressive parameters α, β, c and ν. Then, the AGACD(2,2) is given by
Applying the same principle to the SPACD model, the SPACD(2,2) specification is given
Furthermore, in order to restrict the computational burden, we estimate the TACD model based on three regimes and exogenously fixed threshold values. They are fixed to the values 0.25 and 1.50 which is in accordance with the Monte Carlo study and the empirical results provided by Zhang, Russell, and Tsay (2001) .
Two difficulties have to be considered: First, for nonlinear models involving absolute value functions in the news impact function the estimation of the Hessian matrix is quite cumbersome due to numerical difficulties. For this reason we estimate the asymptotic standard errors by the OPG estimator of the information matrix. Second, even though the news impact function implied by the AGACD specification allows for more flexibility, it has one major drawback since the parameter restriction |c| <= 1 has to be imposed whenever δ 2 = 1 in order to circumvent complex values. Note that this restriction is binding in the case where the model implies an upward kinked concave news impact function which is quite typical for financial durations and which is only possible for c < −1 (and α < 0). In this case, a restricted version of the model has to be estimated. In particular, whenever c converges to the boundary, either δ 2 or, alternatively, |c| has to be fixed to 1. Setting δ 2 = 1 implies a piecewise linear news impact function which is kinked at b. Alternatively, by setting c = 1, the AGACD(1,1) specification becomes
Thus the news impact function is zero for ε i−1 ≤ b and follows a concave (convex) function for δ 2 < 1 (δ 2 > 1). Correspondingly, setting c = −1 leads to
Note that the latter two restricted AGACD specifications do not nest the EXACD model it is crucial to account for nonlinear news impact effects.
Third, the estimated Box-Cox parametersδ 1 andδ 2 are mostly lower than one for price durations while for trade durations both values lower and larger than one are obtained.
These results lend support against the linear ACD model since we notice that price duration processes imply concave news impact curves, i.e. the adjustments of the conditional expected mean are stronger in periods of smaller than expected price durations (volatility shocks) than in periods with low price intensities. Corresponding results are found based on the EXACD model since the mostly highly significant negative parameters c imply upward kinked concave shaped news response curves. For trade durations the picture is less clear since we obtain evidence for concave as well as convex news impact curves.
Fourth, in most cases only restricted versions of the augmented ACD models are estimated since either δ 1 tends to zero and/or |c| tends to one. Since the most duration series seem to imply a concave news impact function, it is not surprising that especially the second restriction is binding for nearly all series. In the first case, the model is estimated under the restriction δ → 0 which is practically performed by estimating the model based on a logarithmic transformation. In this case, the AGACD consists only of an additive stochastic component. In the second case, two restricted versions of the model are reestimated: one specification under the restriction |c| = 1 and one model under δ 2 = 1.
Then we choose the specification leading to the higher log-likelihood value. In general,
we observe that the extension from the BACD/EXACD model to the AGACD model is supported by the data since we find an increase of the log-likelihood function and significant coefficients in most cases. Hence, a further flexibilization of the news impact function seems to be an important issue. Nevertheless, in some cases we also find evidence against an additive stochastic component since the parameter ν converges to zero. In this case, we fix the parameter at zero and re-estimate a restricted version of the model.
In contrast, for AOL and GE trade durations we observe significant values of ν lending support for the need for additive as well as multiplicative stochastic factors. Especially for the AOL stock this extra flexibility leads to a strong increase of the log likelihood function and also the BIC value.
Fifth, the SPACD model is estimated using the categorization {0.1, 0.25, 0.5, 1.0, 1.5, 2.0, 3.0} withε 0 = 1.0 which allows for high flexibility concerning very small and very large innovations. The mostly significant parameters a + and a − indicate that it is useful to account also for flexible news impact effects of the second lag. Figures 2 and 3 depict the news impact functions for the particular duration series computed based on the estimates of the SPACD models. The shape of the obtained news impact curves is strongly consistent with the estimates of the parametric ACD models. The news response curves for trade durations reveal high nonlinearities especially for very small innovations. For two of the stocks (AOL and Coca-Cola) we even observe a news response function that implies a downward shape for low values of ε i−1 . Hence, it turns out that for extremely small innovations (with exception of the GE stock) the first order autocorrelation is rather negative than positive.
However, only for larger values of ε i−1 the ACF is slightly positive. This finding illustrates that small durations induce significantly different adjustments of the expected mean than long durations which has be to taken into account in the econometric modelling. This result is in line with the findings of Zhang, Russell, and Tsay (2001) 
Checking these restrictions using the corresponding parameter estimates, we notice that stationarity is ensured for all considered specifications. 11 The analytical derivation of the stationarity conditions for higher order TACD models is difficult and is beyond the scope of this study. 12 However, own simulation studies show evidence for the stationarity of the estimated TACD processes.
The Tables 7, 9, 11 and 13 display the p-values of the applied LM, CM and ICM tests. The individual ACD models and tests are applied to trade durations and price durations of the AOL, Coca-Cola, Disney and GE stock traded at the NYSE. We find evidence for strong nonlinearities in the news impact function leading to clear rejections of linear and logarithmic ACD specifications. In particular, trade durations reveal a convex news response curve which is downward shaped for small innovations and follows an upward shape for high innovations. For price durations a concave news impact function is observed which is strongly increasing for small durations and nearly constant for durations larger than expected. While more simple ACD specifications imply clear violations of the conditional mean restriction, the overall best performance is obtained by flexible augmented ACD models and semiparametric ACD models. In general, trade durations seem to be easier modelled than price durations. Especially for price durations, even highly parameterized ACD models are not flexible enough to capture nonlinearities in the news response and to ensure a valid conditional mean specification.
For the LM and CM tests as well as the F-tests against nonlinearities in the news
Three major conclusions can be drawn based on this study: First, it turns out there is actually need to test the validity of the functional form of ACD models since it is shown that especially more simple models imply clear violations of the conditional mean restriction. Second, CM tests seem to be a very useful diagnostic tool to detect misspecifications of the model. In contrast, the additional benefit of ICM tests is limited given the low power in small samples and the high computational effort required to compute these tests.
Third, there is necessity for ACD models which allow for nonlinear news response functions. The empirical results point out that in particular very small innovations associated with unexpected high active trading periods imply different updates of the conditionally expected mean. Our results show that a semiparametric specification of the news impact function as implied by the semiparametric ACD model proposed in this paper provides a valuable starting point in order to appropriately capture the statistical properties of financial duration processes.
A.1. Monte Carlo Studies. ICM tests Table 2 ) based on the data generating processes shown in Table 1 . Size of simulated samples: 3000. Number of replications: 500. Estimated model: ACD(1,1). EXACD  AMACD  SPACD  TACD  LACD  AGACD  5% 10%  5% 10%  5% 10%  5% 10%  5% 10%  5% 10%  5% 0.108 0.168 1.000 1.000 0.103 0.141 1.000 1.000 0.218 0.348 1.000 1.000 1.000 1.000 CM 2 10 0.098 0.174 1.000 1.000 0.192 0.326 1.000 1.000 0.222 0.338 1.000 1.000 0.998 1.000 CM Table 4 : Rejection frequencies of the applied diagnostic tests (see Table 2 ) based on the data generating processes shown in Table 1 -20576 -20578 -20572 -20571 -20540 -20545 -20548 -9385 -9395 -9342 -9344 -9340 -9336 -9343 BIC -20596 -20598 -20602 -20601 -20589 -20605 -20608 -9404 -9413 -9365 -9372 -9372 -9391 - -15059 -15060 -15056 -15047 -15045 -15038 -15040 -12072 -12081 -12016 -11996 -11996 -11991 -12023 BIC -15079 -15079 -15085 -15075 -15079 -15095 -15098 -12091 -12100 -12044 -12024 -12029 -12048 - -16147 -16147 -16141 -16144 -16140 -16138 -16140 -9039 -9048 -8986 -8999 -8982 -8986 -8984 BIC -16166 -16166 -16170 -16173 -16183 -16197 -16198 -9062 -9071 -9018 -9031 -9028 -9046 - -24813 -24815 -24811 -24813 -24800 -24801 -24804 -14705 -14706 -14670 -14674 -14660 -14662 -14665 BIC -24834 -24836 -24841 -24843 -24851 -24862 -24865 -14729 -14730 -14699 -14708 -14699 -14725 - 
LM tests
LM1 z 1 ai = 1l {ε i−1 <1} , 1l {ε i−1 <1} εi−1, 1l {ε i−1 ≥1} εi−1 LM2 z 2 ai = z 1 ai , 1l {ε i−2 <1} , 1l {ε i−2 <1} εi−2, 1l {ε i−2 ≥1} εi−2, LM3 z 3 ai = 1l {x i−1 <1} , 1l {x i−1 <1} xi−1, 1l {x i−1 ≥1} xi−1 LM4 z 4 ai = z 3 ai , 1l {x i−2 <1} , 1l {x i−2 <1} xi−2, 1l {x i−2 ≥1} xi−2, LM5 z 5 ai = z 1 ai , z 3 ai , LM6 z 6 ai = z 2 ai , z5), [1.5, 2), [2, 3), [3, ∞) CM tests CM 1 · r(·) = ei − 1 CM 2 · r(·) = xi −Ψi CM · 1 w1(·) = xi−1, x 2 i−1 , x 3 i−1 , ei−1, e 2 i−1 , e 3 i−1 CM · 2 w2(·) = w1(·) , xi−2, x 2 i−2 , x 3 i−2 , ei−2 e 2 i−2 , e 3 i−2 CM · 3 w3(·) = xi−1, z 1 ai CM · 4 w4(·) = xi−1, xi−2, z 2 ai CM · 5 w5(·) = ei−1, z 3 ai CM · 6 w6(·) = ei−1, ei−2, z 4 ai CM · 7 w7(·) = z 1 ai , z 3 ai , CM · 8 w8(·) = z 2 ai , z 4 ai , CMICM1 r(·) = xi −Ψi, w(·) = 1, A = 0, B = 0.5, M = 100 d = 1 ICM2 r(·) = xi −Ψi, w(·) = 1, A = 0, B = 0.5, M = 100 d = 2 ICM3 r(·) = xi −Ψi, w(·) = 1, A = 0, B = 0.5, M = 100 d = 5 ICM4 r(·) = xi −Ψi, w(·) = 1, A = 0, B = 0.5, M = 100 d = 10
ACD

